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Synopsis
This work develops a mult i -compartment T2 model for prostate imaging.  i   l   l i   l    i i .  We investigate whether this model can i i   i  l  
provide information about diﬀerences in t issue microstructure,  such as those between normal prostate t issue andi  i i   i  i  i  i ,      l   i  
tumour,  by comparing it  to the VERDICT diﬀusion model6.  The high correlat ions found between a number of the,   i  i    I  i i  l .   i  l i       
parameters suggest that the proposed model is  capable of detecting some microstructural  diﬀerences.  In the future     l  i  l   i   i l  i .  I   
this method may be able to provide diﬀerent and complementary microstructural  information to current diﬀusioni     l   i  i   l  i l  i i    i i
models.l .
Purpose
A recent study  found high correlations between Gleason pattern and stromal, epithelial and luminal volumes in prostate cancer. One method
for investigating such histological changes is to ﬁt a multi-compartment model to multi-echo T2 data . We have developed a model where the
distribution of T2 values is constrained to be two Gaussian distributions, one representing stromal and epithelial cells (short T2 component)
and the other representing luminal space (long T2 component) . We investigate whether this multi-compartment T2 model can provide
information about tissue microstructure by comparing it to the VERDICT diﬀusion model , which uses diﬀusion data to separate tissue
compartments. We also examine whether the proposed model can diﬀerentiate between tumour and normal tissue, investigating its potential
as a detection tool.
Methods
The parameters of the multi-echo T2 and VERDICT diﬀusion scans are included in Figure 1. Five subjects were imaged for this study. A board
certiﬁed radiologist contoured the ﬁve lesions observed in two patients, which were conﬁrmed to be cancers following targeted biopsy. Regions
of interest (ROIs) were also placed in areas of normal tissue in each of the ﬁve subjects. The VERDICT model was ﬁt to the diﬀusion data as
described previously . The T2 model assumed that each voxel contained a distribution of T2 values that form two Gaussians, the equation for
which is in Figure 2. For each voxel we estimate six parameters: overall scaling (M ), relative fraction between the two compartments (α), mean
and standard deviation of the short T2 peak (μ  and σ ) and mean and standard deviation of the long T2 peak (μ  and σ ). The Luminal Water
Fraction (LWF), as discussed in previous work , was also processed for each voxel after ﬁtting. It is calculated as the area under the long T2
component divided by the area under both components. Maps of the VERDICT parameters (cell radius (R), cellularity, extra-cellular extra-
vascular fraction (fEES), intra-cellular fraction (fIC) and vascular fraction (fVASC)) and the parameters of the multi-compartment T2 model were
produced. Correlations between mean parameter values for both tumour and normal ROIs were computed for both models. A Kruskal-Wallis
test was used to investigate whether the multi-compartment T2 model can diﬀerentiate between regions of normal tissue and tumour (p<0.05
indicated signiﬁcance).
Results
Figure 3 shows the correlations between each of the model parameters. There is a strong positive correlation between fEES and LWF, between R
and LWF and between fEES and μ . A Kruskal-Wallis test showed a signiﬁcant diﬀerence between normal tissue and tumour in μ , μ  and LWF (p
= 0.047,0.028,0.009). Figure 4 contains a map of the parameter LWF for one subject, showing that tumour (outlined in red) has a lower value of
LWF than the highly luminal peripheral zone. This is likely to correspond with a decreased luminal tissue component, one of the hypothesised
hallmarks of prostate cancer .
Discussion & Conclusion
This multi-compartment T2 model suggests changes in LWF are consistent with ﬁndings from the VERDICT diﬀusion model. An interpretation of
the results is that in PZ tumours, there is an increase in cell radius R with a corresponding reduction in extra-cellular extra-vascular space fEES
and a decreased luminal water content. But importantly these correlations show that the model is detecting microstructural diﬀerences,
showing promise in separating tumour from normal tissue. In diagnostic imaging both T2W and diﬀusion images are acquired to assess
diﬀerent tissue properties, suggesting they carry complementary information. In the future the proposed model might be used in conjunction
with diﬀusion to better probe the tissue microstructure, as well as the multi-echo T2 acquisition being faster, less susceptible to motion and
suﬀering fewer artefacts than diﬀusion MRI. We aim to expand this work by using a larger sample size and validating the model against
histology in order to conclude its eﬀectiveness in providing non-invasive estimates of tissue microstructure.
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Figures
Figure 1: Table of sequence parameters.
Figure 2: Model relating multi-echo T2 signal to distribution of T2 values, comprised of two Gaussians.
Figure 3: Tables containing Pearson’s Correlation Coeﬃcient (R) and p-value (P) of parameters (signiﬁcant values are in bold).
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Figure 4: Map of LWF for one subject with biopsy conﬁrmed disease in the peripheral zone, outlined in red. Normal PZ typically has a higher
luminal component than the rest of the prostate and this appears to be reduced here in the region of the tumour.
